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ABSTRACT 

Digital twin (DT) has been applied for monitoring, control, and decision-making of real-world engineering 

systems, but how to keep a DT valid as the physical system degrades over the lifecycle remains rarely explored. 

Instead of identifying degradation parameters from expensive aging experiments, this paper proposes a lifelong 

update method to capture degradation effects directly from system responses via continuously tuning DT models. 

The core idea is to represent the system degradation as temporal changes of DT model configurations through 

degradation stages. During the lifelong update process, an autoencoder compresses DT model parameters into 

latent features, and an LSTM learns the temporal trend of those features to predict latent features for future 

degradation stages. Based on the predicted latent features, the DT model configuration is reconstructed to predict 

the system responses affected by degradation. The proposed lifelong update method is evaluated with two real-

world engineering datasets, e.g., the battery degradation dataset from Oxford University and the flight engine 

degradation dataset from NASA. Results demonstrate that the proposed update method successfully captures the 

degradation effects on system responses during the lifecycle. The one-tailed 𝑡-tests confirm that the proposed 

method statistically outperforms the conventional fine-tuning method in prediction accuracy and robustness at 

future unseen stages.  
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1 INTRODUCTION 

1.1 Literature review 

Digital twin (DT) has been adopted widely for health monitoring and process control during products’ 

lifecycle, due to its ability to interact with physical entities (e.g., product, system). Generally, DT is defined as a 

virtual representation of a physical system [1, 2] that can mimic the time-series response of the physical system 

under various conditions and is capable of autonomous self-updating based on data acquired from the physical 

systems by sensing devices. Since the terminology was proposed in 2003, DT applications have been observed in 

manufacturing [3], process industry [4], aerospace [5], and other engineering tasks [6] to support collaboration, 

information access, and decision-making. 

Before applying DT, historical data (e.g., sensor, simulation) of the physical system is used to construct an 

offline DT model via modeling methods, such as partial differential equations (PDEs) and data-driven models 

(e.g., artificial neural networks, support vector machines) [2]. In most applications, historical data is collected 

from the early stage of its whole lifecycle, during which a practical system continues changing, such as operation 

conditions, accuracy of sub-systems, and functionality of system components. Therefore, after deploying the DT 

model, it is necessary to update the DT model with the data stream collected at each stage, so that the DT model 

would function well throughout the whole lifecycle. 

According to the literature review on iterative updates of DT models [7], update methods could be classified 

according to the model types. For PDEs-based DT models, the update methods are designed to tailor system 

parameters (e.g., mass or stiffness matrices) that are learned offline. This task is regarded as a parameter 

estimation problem, which has been solved by Kalman filters [8], Particle filters [9], and Bayesian estimation [10] 

in data assimilation [11] and hybrid simulation [12], where the mathematical update formulations are derived from 

system PDEs. For data-driven DT models, the update methods aim to tune model parameters by optimization, 

Bayesian estimation, or incremental computation [13], or modify the model structure using Bayesian techniques 
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[14] or heuristic strategies [15]. Although update methods for both model types have been studied, most studies 

focus on aligning the updated DT models with data collected at the current stage. Therefore, the updated DT 

model tends to forget system behaviors observed in earlier lifecycle stages and will fail to forecast the system 

behavior when the physical system changes at future stages. 

One important fact is that a physical system degrades continuously in its lifecycle. Such system degradation 

could be the decreasing battery discharge capacity over charge-discharge cycles [16,17], reduction of the remaining 

useful life in machines [18,19], and other system health indicators that change over the lifecycle. To monitor a 

system's health, degradation models have been studied [20]. The first type of degradation model is physics-based, 

such as the Paris law to predict the crack growth of an operational unit [21,22], the Fick’s diffusion law to model 

the corrosion rate in reinforced concrete [23], the tunnel serviceability index to measure the service state of a 

tunnel infrastructure [24,25]. However, those physics models require prior knowledge of system physics and 

massive, expensive experimental data for modeling. The applied assumptions restrict their generalizability in 

different applications. With the increase in sensor measurements, data-driven models have emerged as the second 

type of degradation model. For instance, the physics-informed long short-term memory (LSTM) model has been 

used to predict the degraded battery capacities, which is applied to forecast the battery’s remaining useful life [17]. 

The degraded stack voltage of a fuel cell could be obtained by a hybrid convolutional neural network-LSTM 

model from the outlet temperature and the historical stack voltage [26]. The dynamic health state of a bearing 

could be estimated from the sensor signals by an adaptive hidden Markov model [27]. More similar applications 

could be observed in lithium-ion batteries [28], gas turbines [29], bearings [30]. However, those data-driven models 

are only health prognostic models using the system responses as input.  

The above works directly model system degradation as it happens. In addition, DT has been used to predict 

system degradations, which generally follows two categories with detailed applications as below. 

Category 1: Predict health indicators based on DT predictions of system responses. 
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The most common application uses the DT model to predict time-series system responses, which are inputted 

into degradation models to forecast the remaining useful life and other health indicators [31]. For example, based 

on the incomplete discharge curve and the battery state-of-charge curve at one charge-discharge cycle, a LSTM 

model was applied to predict the completed discharge curve, and subsequently, the degraded capacity [32]. 

Similarly, the backpropagation neural network was adopted to predict the whole discharge curve [16]. The battery 

degradation state was then estimated by a convolutional neural network-LSTM-attention model from the 

predicted discharge curve and the historical discharge curves of previous cycles. For the proton exchange 

membrane fuel cell stack, the transformer was adopted to predict the future stack voltage based on time-series 

operation parameters (e.g., temperature, current) and the observed voltage [33]. The remaining useful life is then 

estimated as the time when the future voltage is smaller than a threshold.  

When obtaining data at one degradation stage, those models could be fine-tuned to provide accurate prediction 

at the current stage. However, system responses/signals at future degradation stages are unknown for practical 

applications, making them unable to forecast the degraded system responses for future stages in advance. 

Category 2: Construct DT models with identified degradation parameters of physical systems. 

Instead of updating the entire DT model, some works construct DT models with identified degradation 

parameters, which are learned at each degradation stage. For instance, Simulink-based DT models were proposed 

based on identified degradation characteristics parameters (e.g., capacitance, inductance, parasitic resistance) for 

DC/DC power converters [34] and the DC/AC inverter [35]. At each degradation stage, those parameters are 

updated with actual data via Bayesian optimization or particle swarm optimization. Although both works can 

make the updated Simulink-based DT model capture the actual system behavior at each degradation stage, they 

cannot forecast the degraded system responses at future stages in advance, as the identified parameters continue 

degrading over the lifecycle.  

To avoid the above limitation, degradation models for degradation parameters are trained based on historical 
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data to capture the trend of degradation parameters over the lifecycle, enabling more practical DT predictions for 

future stages. For instance, a high-fidelity finite element model was developed for the electronically controlled 

pneumatic brake system, where the key degradation parameter is the direct-current resistance [36]. A data-driven 

model was trained to capture the resistance degradation trend, allowing reinitialization of the model at future 

stages. Similarly, for the gearbox, a high-fidelity dynamic DT model was proposed with two degradation 

parameters, the pitting density and the wear depth [37]. Fatigue pitting and Archard wear models were trained on 

historical data to capture their propagation over time [38]. During deployment, DT predictions were compared 

with physical system responses to iteratively update the degradation models, which in turn provided more realistic 

degraded parameters to refine the initial geometry setting in the dynamic DT model for better prediction.  

Apart from updating degradation models during applications, some studies pretrain an offline degradation 

model and apply the model without any further update. For instance, to predict the real-time temperature of 

lithium-ion batteries, a lumped thermal equivalent circuit (i.e., DT model) was designed with the heat capacity 

and the thermal generation rate [39]. The degradation of both parameters was captured by an LSTM model from 

the operation history data so that the DT model could update its model setting at each degradation stage for better 

prediction. Similarly, considering the thickness of the oxidation layer grows in semiconductor devices, a finite 

element model was designed based on affected mechanical properties, e.g., geometry and material behavior [40]. 

The experiments were conducted to model those properties as functions of aging, which makes the finite element 

analysis successful at each degradation stage.  

Although the above DT models could capture degradation to some extent, they share two fundamental 

limitations. First, the DT models in both categories rely on system responses affected by degradation at the current 

stage. Those responses can improve the prediction performance of DT models at the current stage, but they cannot 

forecast the degraded system responses at future stages before the data are observed. Second, the update methods 

in Category 2 require a prior knowledge of physical degradation parameters (e.g., resistance) and typically need 
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expensive, long-term aging experiments to capture their degradation behavior. For complex engineering systems, 

such degradation parameters may be unknown or not explicitly measurable, and collecting sufficient degradation 

data is often infeasible in practice. 

Above discussions show that existing update methods either fail to support the model to generalize to future 

unknown degradation stages or assume the degradation parameter is known and modeled in advance. Therefore, 

the fundamental gap to deploy DT models is that there is no DT update method, which can represent system 

degradation implicitly without prior knowledge of degradation parameters, and enable the prediction in advance 

of degraded system responses at future stages. 

1.2 Motivation 

Rather than introducing modeling approaches, this paper aims to address the fundamental gap, i.e., how to 

keep existing DT valid through the lifecycle via capturing degradation implicitly to support prediction of future 

degraded performance. Given a DT model and its corresponding physical system, this paper proposes a lifelong 

DT update method to ensure accurate predictions at future degradation stages. When updated with online data 

from one degradation stage, the DT model memorizes degradation effects on the system responses at earlier 

stages, based on which system responses affected by progressive degradations are predicted. This method differs 

from existing approaches in two ways. (1) Different from current online DT update methods, the proposed method 

supports prediction of future degraded time-series responses without prior knowledge of future degradation in 

advance. (2) Compared with reviewed DT applications in system degradation, the proposed method is cost-

effective as it avoids the need for explicitly identified degradation parameters, expert knowledge, or expensive 

offline experiments, which would improve its applicability in different applications.  

To address the aforementioned gap, this paper makes the following contributions. 

• A novel DT update task is defined for systems degrading during their lifecycle, aiming to predict future 

system degradation without prior knowledge or costly experiments. According to the authors’ best 
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knowledge, this DT update task was rarely studied in existing literature. 

• A lifelong DT update method is proposed for DT models constructed as feedforward neural networks. 

Instead of updating DT models stage by stage, the method learns degradation patterns from DT model 

parameters and predicts DT configurations at future, unseen degradation stages in the lifecycle. 

• The method offers an economical alternative to traditional aging tests, while enabling predictions of 

future system degradation effects, which can support system health management, not provided by 

conventional fine-tuning methods. 

The remainder of the paper is structured as follows. The representation of system degradation in the DT model 

is discussed in Section 2.1, based on which the lifelong DT update method is discussed in detail in Sections 2.2 

and 2.3. The proposed method is then tested with the battery degradation dataset in Section 3 and the flight engine 

dataset in Section 4. Discussions are presented in Section 5, followed by a summary of the work in Section 6. 

2 METHODS 

2.1 Representation of system degradation in DT 

Degradation in physical systems reflects a continuous and gradual system performance deterioration over the 

lifecycle [41]. Such continuous performance change indicates that even under the same operation setting, time-

series responses of the same physical system differ among degradation stages in the whole lifecycle. Capturing 

these dynamics necessitates an approach that allows for the seamless representation of degradation effects on the 

system responses in the lifecycle. 

In this paper, DT models are constructed only based on simulation or experimental data via machine learning 

models, such as neural networks. In the conventional fine-tuning framework to update the data-driven DT model 

throughout the system lifecycle, the “optimal” DT model is iteratively tuned for each degradation stage when the 

new dataset is obtained. Specifically, a DT model with configuration 𝜽0 is trained using data collected at the 

initial degradation stage 𝑇0 (e.g., no system degradation). As the system degrades over time, new data from 
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subsequent degradation states (e.g., 𝑇1) are used to update the DT model, resulting in a new configuration 𝜽1 

that captures system behavior at the stage 𝑇1. This update process is iteratively applied at each degradation stage. 

Therefore, the DT configuration 𝜽𝑖 at the degradation stage 𝑇𝑖 is regarded as a representation of the degradation 

effect on system responses at the stage 𝑇𝑖 in this study. Compared with reviewed works relying on degradation 

parameters, the selected degradation representation only depends on DT model configuration, offering a more 

general and adaptable solution for a wide range of physical systems. 

2.2 Lifelong DT update method 

As mentioned in Section 1.2, this paper aims to propose a lifelong DT update method, so that the updated DT 

model is able to predict the time-series system's future responses directly affected by system degradation. To 

fulfill this purpose, a model that captures the dynamic system degradation over the lifecycle is required, such as 

the reviewed works using the degradation parameters or a degradation model. Instead of using prior knowledge, 

constructing a dynamic model of DT configurations over degradation stages would be a promising counterpart, 

according to the defined degradation representation. More specifically, if a dynamic model 𝜽𝑖 = 𝑓(⋅, 𝑇𝑖)  is 

learned during the lifelong update process, DT configurations at future degradation stages could be predicted 

directly, thereby capturing the system responses affected by degradation at future stages.  

By integrating the tuning process and the dynamic model construction, the lifelong DT model update method 

is proposed as shown in Fig. 1, whose detailed steps are described below. The corresponding pseudo codes are 

presented in Algorithm 1 at the Appendix. 

Step 1 (Initialization phase): Given a physical system, the initial data-driven DT model 𝐷𝑇0 is constructed 

on a dataset 𝑫0 obtained at the stage 𝑇0, where no degradation is assumed. The obtained DT configuration 𝜽0 

is stored in the configuration database, based on which the dynamic model structure is determined and remains 

fixed during the future lifelong update process. 

Step 2 (Warm-up phase): In most real-life scenarios, the physical system would work well during the early 
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stage of the lifecycle. In this paper, a group of 𝑚 earlier degradation stages {𝑇1, … , 𝑇𝑚} is regarded as the warm-

up phase, where the DT model is continuously fine-tuned based on the system response dataset collected at each 

degradation stage. Configurations of the updated DT model at each stage are saved in the configuration database. 

Based on the stored configurations {𝜽0, 𝜽1, … , 𝜽𝑚}, the dynamic model 𝜽𝑖 = 𝑓(⋅, 𝑇𝑖) is trained, whose details 

are presented in Section 2.3. 

 

Fig. 1. Proposed lifelong DT update method. The solid lines and arrows indicate the lifelong update process, 

and the dashed lines and arrows refer to the application of the DT. 

Step 3 (Lifelong application phase): For any future degradation stage 𝑇𝑖 (𝑖 > 𝑚), the trained dynamic model 

𝑓 is adopted to predict the DT configuration 𝜽𝑖
′, based on which the estimated DT model 𝐷𝑇𝑖

′ is obtained. The 

system responses affected by degradation at future stages {𝑇𝑖, … , 𝑇𝑖+𝑗} are then predicted by the corresponding 

estimated DT models {𝐷𝑇𝑖
′, … , 𝐷𝑇𝑖+𝑗

′ } . The estimated system responses {𝑫𝑖
′, … , 𝑫𝑖+𝑗

′ }  could be applied to 

calculate the health state of the system for management and other services, which will not be covered in the paper. 

Step 4 (Lifelong update phase): After completing the task at the 𝑖-th degradation stage 𝑇𝑖, the actual dataset 

𝑫𝑖 is obtained to update the DT model 𝐷𝑇𝑖−1 with configuration 𝜽𝑖−1. The updated model is denoted as 𝐷𝑇𝑖, 

whose configuration is 𝜽𝑖. Compared with the estimated configuration 𝜽𝑖′ from the previous dynamic model, 

the new configuration 𝜽𝑖  captures the actual effect of degradation on system responses at the stage 𝑇𝑖 . To 
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improve the accuracy of the proposed dynamic model gradually, the new configuration 𝜽𝑖  is stored in the 

configuration database to retrain the dynamic model. More details are discussed in Section 2.3. 

2.3 Dynamic model for DT configuration 

Generally, the configuration of a data-driven DT model includes the structure and parameters, which could be 

updated simultaneously, such as the works in [14, 15]. In this paper, a feedforward neural network (FNN) with a 

fixed structure is adopted as the DT model, meaning that the dynamic model only needs to capture how the DT 

model parameters change during the whole lifecycle. 

 

Fig. 2. Conceptual framework of the proposed dynamic model.  

The general framework of the proposed dynamic model is summarized in Fig. 2, where Autoencoder is 

adopted to capture the latent features of DT configurations at each degradation stage, and LSTM is used for time-

series forecasting of future configuration features based on features at the previous 𝑤 degradation stages. In this 

work, the latent features serve as a lower-dimensional representation that encodes the inherent patterns in the 

high-dimensional DT model parameters. Since these model parameters are fine-tuned to reflect the degradation 

effects on system responses at each stage, the latent features can be interpreted as a compact representation of the 

underlying physical degradation mechanisms, to some extent. In the following discussion, the proposed dynamic 

model is denoted as Autoencoder-LSTM (AE-LSTM) for clarification. 

2.3.1 Autoencoder to reconstruct model configurations 

Considering a FNN model with 𝑁 hidden layers {𝑙1, … , 𝑙𝑁}, the input dimension and the output dimension 
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of the 𝑖-th hidden layer 𝑙𝑖 are 𝑛𝑖𝑛
𝑖  and 𝑛𝑜𝑢𝑡

𝑖  respectively. Each hidden layer uses a linear transformation, e.g., 

𝑦 = 𝑥𝐴𝑇 + 𝑏, where 𝐴 is the weight matrix and 𝑏 is the bias vector. Therefore, the number of parameters at the 

hidden layer 𝑙𝑖 is (𝑛𝑖𝑛
𝑖 + 1) × 𝑛𝑜𝑢𝑡

𝑖 . The total number of parameters in the model is Σ𝑖=1
𝑁 (𝑛𝑖𝑛

𝑖 + 1) × 𝑛𝑜𝑢𝑡
𝑖 . This 

number could be thousands or millions, making the task of capturing the dynamic behavior of model configuration 

a high-dimensional problem. If each parameter is learned by a separate model, a large memory is required to store 

thousands of models. If a simple FNN is used to predict the configuration based on the degradation stage, the 

output dimension is then huge, making the training process harder to converge. Both options are thus not ideal 

and may risk poor prediction performance at future degradation stages. 

To reduce the problem dimension, an autoencoder is utilized to reconstruct the model configuration 𝜽. The 

encoder learns efficient low-dimensional features, based on which the decoder reconstructs the entire model 

configuration. Autoencoder has been a popular tool for feature extraction in deep learning. Compared to 

traditional dimension reduction techniques (e.g., proper orthogonal decomposition), the autoencoder can capture 

complex nonlinear relationships. Unlike supervised learning approaches, Autoencoder does not require labeled 

data, which is advantageous when dealing with large-scale model configurations where annotations are 

unavailable. Based on those merits, Autoencoder has been applied in fluid dynamics [42], material [43], and other 

engineering fields [44]. 

Fig. 3 shows the proposed autoencoder structure. Given the model configuration 𝜽, the weights and biases of 

each hidden layer 𝑙𝑖 are flattened as a parameter vector with the size 1 × ((𝑛𝑖𝑛
𝑖 + 1) × 𝑛𝑜𝑢𝑡

𝑖 ). The encoder takes 

parameter vectors of all hidden layers as inputs simultaneously, aiming to capture the inherent relationship among 

all hidden layers. To alleviate the effects of various dimensions, each parameter vector is compressed to a vector 

with the same size 1 × 64 by the corresponding linear hidden layer. The compressed vectors of 𝑁 hidden layers 

are then concatenated into one vector with the size 1 × 64𝑁, which are processed by three linear hidden layers 

with the activation function Tanh(⋅). The output is then process by another linear hidden layer to obtain the latent 
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space presentation. In the latent space, 𝐿 is the dimension of configuration features extracted from the input 

model configuration. Once the configuration features are obtained, they are fed to the decoder, where four hidden 

layers with the activation function Tanh(⋅) are adopted to output the concatenated vector with the size 1 × 64𝑁. 

The vector is then divided to 𝑁 separate vectors with the same dimension 1 × 64. Each split vector is processed 

by a linear hidden layer to reconstruct the parameter vector in the DT model. The reconstructed parameter vectors 

are then deployed to the DT model for system response prediction.  

 

Fig. 3. Autoencoder structure to reconstruct the high-dimensional configurations. 

When designing an autoencoder, selecting an appropriate dimension 𝐿 of the latent features is fundamental, 

as it affects the model performance in terms of data reconstruction, feature extraction, and generalization [45]. If 

the dimension is too low, the autoencoder may not capture essential features, resulting in a loss of information. 

Conversely, an excessively large latent space would cause overfitting and fail to capture the underlying data 

structure. The most applied method involves training an autoencoder with varying latent dimensions and 

evaluating their impact on downstream tasks (e.g., classification accuracy) and reconstruction error, which is 

computationally intensive [46]. The dimension of latent features could also be determined by the singular value 

decomposition method, where dimensions of singular values above a threshold are retained [47], or by 
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incorporating the regularization term of latent space during the training process to encourage the encoder utilizing 

fewer latent features [48]. However, the performance of both methods depends on the dataset, model structure, 

and downstream task. 

Instead of finding the optimal dimension, this paper determines the dimension 𝐿 of latent features based on 

the information theory and the model configuration 𝜽0 at the initial degradation stage 𝑇0. The dimension is then 

fixed during the lifelong update process. In data compression tasks, the Shannon entropy is regarded as the 

minimum number of bits to compress a group of random variables [49,50]. According to [51], the stochastic 

behavior of model parameters during the training process could be considered as a Gibbs distribution, based on 

which three equations are designed to determine the latent feature dimension automatically according to the given 

initial DT model. Generally, Equation (1) converts each parameter into a probability based on its magnitude. 

Equation (2) measured the Shannon entropy of the converted probability distribution, where a higher entropy 

means the model parameters contain more information. Equation (3) finally sets the latent dimensions 

proportional to the entropy value, so that the latent space would have sufficient capacity to capture the information 

of DT models at future degradation stages. More details are presented as bellow.  

Assuming that each model parameter could be regarded as sampled randomly from the same distribution, the 

probability of each model parameter could be estimated as: 

𝑝𝑙𝑖

𝑗
=

exp(−𝛽𝜃0,𝑙𝑖

𝑗
)

∑ ∑ exp(−𝛽𝜃0,𝑙𝑖

𝑗
)

(𝑛𝑖𝑛
𝑖 +1)×𝑛𝑜𝑢𝑡

𝑖

𝑗
𝑁
𝑖

          (1) 

where 𝜃0,𝑙𝑖

𝑗
  is the 𝑗 -th model parameter of the 𝑖 -th hidden layer 𝑙𝑖  at the degradation stage 𝑇0 , 𝑝𝑙𝑖

𝑗
  is the 

corresponding probability, and 𝛽 is a constant value. The Shannon entropy of the model configuration 𝜽0 =

{𝜃0,𝑙𝑖

𝑗
|𝑖 ∈ [1, 𝑁], 𝑗 ∈ [1, (𝑛𝑖𝑛

𝑖 + 1) × 𝑛𝑜𝑢𝑡
𝑖 ]} is then calculated as Eq. (2). 

𝐻 = − ∑ 𝑝𝑙𝑖

𝑗
log2 𝑝𝑙𝑖

𝑗
𝑖,𝑗              (2) 
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The dimension 𝐿 is finally determined as: 

𝐿 = 𝑎 × [𝐻]              (3) 

where [𝐻] is the integer number closest to the entropy H. Considering that the model configuration evolves 

continuously during the system lifecycle, the entropy of model configurations varies at different degradation 

stages. Therefore, 𝑎 > 1  is a ratio to enlarge the integer value, which would reduce the risk of the low-

dimensional latent space failing to capture the underlying features at future degradation stages. In the paper, the 

hyperparameters are set as 𝛽 = 1 and 𝑎 = 2 when testing the two engineering datasets. 

2.3.2 LSTM to predict configuration features 

After training the autoencoder, the learned latent features 𝒔𝑖  of model configurations at all known 

degradation stages are accessible. When using the learned autoencoder to predict configurations, the autoencoder 

structure is fixed and the prediction performance only depends on the estimated latent features. As discussed in 

Section 2.1, the system degradation is represented as the dynamic behavior of latent features over the lifecycle. 

Therefore, a time-series forecasting model is required to estimate the latent features at future degradation stages. 

In time-series forecasting tasks, LSTM has been a powerful tool due to its ability to capture long-term 

dependencies in sequential data while mitigating the vanishing gradient problem [52]. Unlike traditional recurrent 

neural networks, LSTM incorporates gating mechanisms, i.e., input, forget, and output gates, which selectively 

retain relevant information and discard irrelevant information. This characteristic makes LSTM effective in 

capturing complex temporal patterns over sequential data, such as financial market trends, weather prediction, 

and industrial processes. Furthermore, LSTM outperforms classical time-series models by handling non-linearity 

and non-stationary time-series data without requiring extensive feature engineering. Based on these advantages, 

LSTM has been observed in a wide range of applications, including financial market forecasting [53], healthcare 

analytics [54], and anomaly detection [55].  
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Based on the above discussion, this paper adopts the LSTM as the time-series forecasting model for latent 

features of model configurations. In theory, an optimal time-series forecasting model exists for the proposed task, 

where the number of hidden layers, dimension of hidden states in the LSTM cell, activation function, and other 

hyperparameters are optimized by hyperparameter optimization [56]. As hyperparameter optimization is not the 

research topic of this work, the proposed model structure is determined by trial and error, instead of the expensive 

optimization. 

 

Fig. 4. LSTM structure to predict the configuration feature. 

Fig. 4 summarizes the model structure. In the model, a two-layer LSTM block is adopted. The input sequence 

𝒔𝑖−𝑤, … , 𝒔𝑖−1 with each element having the dimension of 1 × 𝐿 is processed by the first LSTM layer, whose 

output hidden states are input to the second LSTM layer. In this work, the LSTM block is implemented with the 

hidden state size 1 × 2𝐿 and two LSTM layers using Pytorch, and the dropout rate is zero. The output state of 

the last cell in the second LSTM layer is then processed by several linear hidden layers with the activation function 

Tanh(⋅) to obtain the final output as the predicted latent feature vector 𝒔𝑖
′ with the size 1 × 𝐿. 

Once the proposed LSTM model has been trained, a progressive prediction framework is adopted to predict 

latent features of model configurations at all future unknown degradation stages. As shown in Fig. 5, if we know 

all latent features before the 𝑖-th degradation stage and want to predict all latent features at each future stage, an 

input matrix [𝒔𝑖−𝑤+1; … ; 𝒔𝑖] with the window size 𝑤 is fed to the trained LSTM model to predict the latent 

feature 𝒔𝑖+1
′  at the (𝑖 + 1)-th degradation stage. Then the updated input matrix [𝒔𝑖−𝑤+2; … ; 𝒔𝑖; 𝒔𝑖+1

′ ] is adopted 
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to obtain the estimated latent feature 𝒔𝑖+2
′  at the (𝑖 + 2)-th degradation stage. This process will repeat until the 

latent feature at each future degradation stage is obtained. Based on those predicted latent features, the estimated 

model configuration at each future degradation stage is obtained by the decoder in the trained autoencoder model, 

which would be applied to predict the system responses affected by the system degradation. 

 

Fig. 5. Prediction of future configuration features. 

3 OXFORD BATTERY DEGRADATION DATASET  

3.1 Dataset description and preparation 

The battery dataset is collected by the Battery Intelligence Lab at Oxford University [57]. The dataset contains 

measurements from the eight SLPB533459H4 batteries produced by Kokam CO LTD, which are tested by Bio-

Logic MPG-205 with eight channels. During the test, the battery works under a constant-current-constant-voltage 

charging profile, followed by a drive cycle discharging profile. The charging-discharging rate is 1C, which means 

the battery is charged/discharged at a current equal to its rated capacity. The specific basic parameters of the 

battery are summarized in Table 1. Among the eight cells in the battery, only the first cell is studied in the test. 

In the dataset, the battery is charged and discharged repeatedly until the battery capacity reduces to a specified 

value when the battery meets the retirement requirement. As the service life of the battery is quite long, the battery 

properties (e.g., time, voltage, charge, and temperature) are measured and stored every 100 charging-discharging 

cycles. The degradation stages in Section 2.2 are then defined accordingly, e.g., regarding Cycle 0 as the stage 

𝑇0, the cycle 100 as the stage 𝑇1, and the cycle 8200 as the stage 𝑇82. Based on the stored measurements, Fig. 6 

summarizes degradation curves in Cell 1 of the battery over charging-discharging cycles (i.e., the lifecycle). 
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According to Fig. 6 (a), the battery capacity obviously decreases with the charging-discharging cycle number, 

indicating that the battery health degrades continuously during the lifecycle. Affected by the battery capacity 

degradation, the time to charge the battery from 2.7V to 4.2V and the time to discharge the battery from 4.2V to 

2.7V reduce with the cycle number, as shown in Fig. 6 (b) and Fig. 6 (c), respectively. 

Table 1. Parameter of the tested battery in the Oxford battery degradation dataset (Revised from [16]) 

Parameter Value Unit 

Constant current 740 mA 

Rated capacity 740 mAh 

Voltage range 2.7-4.2 V 

Environmental temperature  40 ℃ 

Cell number 8  

 

 
(a) Discharge capacity over cycles 

 
(b) Voltage curves in charging 

 
(c) Voltage curves in discharging 

Fig. 6. Battery degradation curves. 

In this test, the proposed lifelong update method aims to capture the effect of the degraded capacity on the 

voltage curves and enable the DT model to forecast the affected voltage curves at all future unseen charging-

discharging cycles. More specifically, two FNN models are used as DT models for the charging voltage curve and 

the discharging voltage curve. According to the defined task in Section 1.2, the partial voltage curves at future 

charging-discharging cycles are unknown in advance in this work. This is different from works reconstructing the 

whole voltage curve based on a partial curve, which only works at the known stages [32,33]. Therefore, the inputs 

of both FNN models are defined only based on the predefined charging or discharging settings, i.e., constant 

current 𝑐 = 0.74𝐴, and time 𝑡 (s). The output is the voltage 𝑣 at the time 𝑡 when charging or discharging with 
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a constant current. Considering that the number of data points on each curve is thousands at each cycle in the 

dataset, 200 data points, i.e., voltages with corresponding time steps, are sampled evenly from the raw voltage 

curves to simplify the modeling task. In other words, the charging and discharging curves at each cycle contain 

200 data points respectively. Finally, datasets covering 80 cycles (200 data points on each cycle) are obtained for 

both charging and discharging curves, as the data from cycles 3400, 4700, and 4900 (i.e., degradation stages 34, 

47, and 49) are not given in the published dataset.   

3.2 Test setting 

The proposed lifelong update process consists of several training components, including the training of initial 

DT models 𝐷𝑇0, the fine-tuning of DT models based on data from each degradation stage, and the training of the 

dynamic model for the model configuration during the lifecycle. During this test, the DT models for the charging 

and discharging curves share an identical structure, as shown in Fig. 7. As the nonlinearity in both charging and 

discharging curves is low, a simple structure using four hidden layers is utilized to predict the voltage from the 

constant current and time. All hidden layers use the same activation function Tanh(⋅). Based on 200 data points 

for each of the charging and discharging curves at the initial degradation stage 𝑇0, the model 𝐷𝑇0 is trained with 

the detailed hyperparameters in Table 2. The epoch number is 1,000. The loss function is the mean square error 

(MSE) between the predicted and actual outputs, which is minimized by the Adam optimizer with the learning 

rate 0.005. 

 

Fig. 7. FNN structure for battery dataset. 𝑁𝑖𝑛 = 2 and 𝑁𝑜𝑢𝑡 = 1 are the input and output dimensions of the 

model, respectively. The model input contains a constant current 𝑐 and time 𝑡. The output is the voltage 𝑣. 
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Once the initial DT model is trained, the DT model is fine-tuned sequentially in the warm-up phase, which 

consists of 𝑚 = 20 degradation stages, i.e., {𝑇1, … , 𝑇20}. At each stage, all collected data is used to update the 

DT model, with the epoch number 10, the learning rate 0.001, and the optimizer Adam. Different from training 

the initial DT model, the loss function for the fine-tuning process is defined as below, 

𝑙𝑜𝑠𝑠 = 𝑀𝑆𝐸 + 𝛼 × 𝑙2(⋅)           (4) 

where 𝑙2(⋅) is the 2-norm regularization term on model parameters, so that the model parameters would not 

change drastically after tuning, and the overfitting risk is reduced. 𝛼 is the coefficient for the regularization 

term, which is set as 10−5 in the test. 

Table 2. Training settings when testing the lifelong update method with the battery dataset. 

 Hyperparameter Value 

 Number of stages in warm-up phase, 𝑚 20 

Ratio to enlarge entropy of model parameters, 𝑎 2 

Constant value in Gibbs distribution, 𝛽 1 

Window size for input sequence of LSTM, 𝑤 5 

Train 𝐷𝑇0 

Epoch number 103 

Learning rate 5 × 10−3 

Loss function 𝑀𝑆𝐸 

Optimizer Adam 

Fine-tune 

DT models 

Epoch number 10 

Learning rate 10−3 

Loss function  𝑀𝑆𝐸, 𝑙2-norm regularization 

Weight of 𝑙2-norm in the final loss, 𝛼 10−5 

Optimizer Adam 

Train 

Autoencoder 

and LSTM 

Epoch number 103 

Learning rate 10−4 

Loss function  𝑀𝑆𝐸, 𝑙2-norm regularization 

Weight of 𝑙2-norm in the final loss, 𝛼 10−4 

Optimizer Adam 

 

In both charging and discharging, the entropy values of 𝜽0 are around 6.9, and the dimensions of the latent 

space in autoencoders are calculated as 14 during the test. When training the proposed autoencoder based on the 

stored model parameters, the epoch number is set to 1,000, and the learning rate is 0.0001. The loss function is 

the same as Eq. (4) to maintain the parameter stability in the deep structure, where the coefficient for the 
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regularization term is 10−4 in the test. The optimizer is still Adam. Once the latent features of model parameters 

are captured from the trained autoencoder, the LSTM is trained with the same training setting as the autoencoder. 

According to the authors’ best knowledge, the online update task proposed in this work, where the effect of 

system degradation is modelled in a DT update process, has not been discussed in the current literature review. 

To demonstrate the effectiveness of the proposed lifelong update method, the conventional fine-tuning framework 

is adopted for comparison. The hyperparameter setting for the conventional fine-tuning framework is the same as 

the one for fine-tuning DT models in the proposed lifelong update method.  

3.3 Results 

Based on the above processed datasets from 80 degradation stages and the defined DT model structure, the 

proposed method is evaluated. According to the description in Section 2.2, when the actual data from the 𝑖-th 

degradation stage 𝑇𝑖 is obtained during the lifelong update phase, the previous DT model 𝐷𝑇𝑖−1 is fine-tuned 

to get the new model 𝐷𝑇𝑖. The new DT configuration 𝜽𝑖 is stored with all previous configurations to retrain the 

AE-LSTM model, which is used to predict the DT model 𝐷𝑇𝑗
′|𝑗 > 𝑖 at any future 𝑗-th future degradation stage. 

In such cases, two types of predictions could be obtained for the 𝑗-th stage, i.e., the one obtained from the model 

𝐷𝑇𝑖, and the one obtained from the model 𝐷𝑇𝑗
′. Compared with the actual data at the 𝑗-th stage, the MSE value 

calculated from the former prediction indicates the performance of the fine-tuned DT model 𝐷𝑇𝑖, while the MSE 

value calculated from the latter prediction reflects the performance of the degraded model 𝐷𝑇𝑗
′ generated from 

the proposed lifelong update method. Therefore, after completing the update process at the 𝑖-th stage, MSE values 

at all future degradation stages could be obtained for the fine-tuned DT model and the AE-LSTM generated DT. 

To clarify the following discussion, the AE-LSTM generated DT at the 𝑖 -th stage is defined as a group of 

estimated DT models {𝐷𝑇𝑗
′|𝑗 = 𝑖 + 1, 𝑖 + 2, … }  after completing the proposed updating process at the same 

stage.  

During the test, the last five degradation stages are not used for updating process, so that the DT performance 
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could be evaluated after the last update. Fig. 8 summarizes MSE values at all future degradation stages obtained 

by fine-tuned and AE-LSTM generated DT models after each lifelong update. For example, after the first update 

at the 20th stage, all MSE values at future stages obtained by AE-LSTM generated DT are shown as the dark blue 

curve starting from the 21st stage in Fig. 8 (b). The MSE values obtained after the last lifelong update are plotted 

as the lowest yellow curves. In the figure, the gap between two successive MSE curves reflects the performance 

improvement of the DT model after each lifelong update. Compared with the MSE value curves obtained by the 

fine-tuned DT, the AE-LSTM generated DT demonstrates greater performance improvement after several lifelong 

updates, as indicated by the large gaps between earlier MSE curves in Fig. 8 (b) and (d). However, it may provide 

poorer MSE performance during early update steps. This is attributed to an insufficient predefined warm-up phase, 

failing to provide sufficient information of degradation behavior, which hinders AE-LSTM effectively capturing 

the degradation effects. Despite this, after a certain number of online updates, the overall range of MSE values at 

each future degradation stage is smaller in the AE-LSTM generated DT in most cases, which is discussed in detail 

below.  

To clarify the performance difference at each degradation stage between fine-tuned and AE-LSTM generated 

DT models, Fig. 9 summarizes the box plots of MSE values at each future stage during the whole lifelong update 

phase, except for the first 10 update steps. For instance, the two MSE values at the 32nd stage are collected from 

each DT after completing the 11th lifelong update step at the 30th stage and the 12th lifelong update step at the 31st 

stage. The number of MSE values at 𝑖-th stage in the figure could be calculated as 𝑖 − 10 − 𝑚, where 𝑚 is the 

number of stages in the warm-up phase. The figures indicate that for both battery charging and discharging 

datasets, the AE-LSTM generated DT outperforms the fine-tuned DT models at most future degradation stages, 

in terms of smaller median MSE values (i.e., the orange line in the box) and smaller box sizes. The comparison 

results demonstrate that during the lifelong update phase, the proposed method can capture the effect of system 

degradation on the system responses at future unseen degradation stages in advance, better than the fine-tuned 
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DT with smaller variations. 

 
(a) Fine-tuned DT for charging 

 
(b) AE-LSTM generated DT for charging 

 
(c) Fine-tuned DT for discharging 

 
(d) AE-LSTM generated DT for discharging 

Fig. 8. MSE values of the fine-tuned and AE-LSTM generated DT models with the battery dataset. 

 

Apart from the above performance comparison, a success ratio is defined to compare the performance of fine-

tuned and AE-LSTM generated DT models after completing a single lifelong update step. For instance, when the 

𝑖-th lifelong update step is completed, the MSE values at all future degradation stages are obtained from the 

corresponding fine-tuned DT and the AE-LSTM generated DT. The success ratio 𝑠𝑐𝑖 at the 𝑖-th update step is 

defined as: 

𝑠𝑐𝑖 =
𝑛𝑏𝑒𝑡𝑡𝑒𝑟

𝑖

𝑛𝑎𝑙𝑙
𝑖               (5) 

where 𝑛𝑏𝑒𝑡𝑡𝑒𝑟
𝑖  is the number of future stages when the AE-LSTM generated DT has a smaller MSE value than 

the fine-tuned DT at the 𝑖-th update step. 𝑛𝑎𝑙𝑙
𝑖  is the number of all future degradation stages at the 𝑖-th update 
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step.  

 
(a) Charging 

 
(b) Discharging 

Fig. 9. Boxplot of MSE values at each stage during the lifelong update phase with the battery dataset. 

 

The success ratios at all lifelong update steps when testing on the charging and discharging datasets are 

summarized in Fig. 10, along with MSE curves at the selected update steps. During the first several lifelong 

update steps, the success ratio values could be low and even close to zero. This means that the fine-tuned DT has 

a smaller MSE value than the proposed method at all future degradation stages. This is attributed to the insufficient 

warm-up phase, which fails to cover enough information on the dynamic behavior of the DT configuration. 
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Although the low success ratio could sometimes be observed in the middle of the lifelong update phase, as shown 

in Fig. 10 (a) and (d), the difference between the MSE values obtained by fine-tuned and AE-LSTM generated 

DT models is quite small. For example, the maximum MSE difference between the two DT models after 

completing the 31st update is around 0.001 for battery charging in Fig. 10 (c), and the maximum difference after 

the 52nd update is around 0.0002 for battery discharging in Fig. 10 (f). It is observed that the success ratio values 

keep zeros at several successive lifelong update steps for battery discharging in Fig. 10 (d). The possible reason 

is that the AE-LSTM is trained with a constant hyperparameter setting, which would not provide better training 

performance at some update steps. However, at most lifelong update steps in both tests, the success ratio value is 

larger than 0.6, as shown in Fig. 10 (a) and (d). When the success ratio is close to one, the MSE value obtained 

by the proposed method is smaller than that obtained by the fine-tuned DT at each future degradation stage, as 

shown in Fig. 10 (b) and (e). Both observations demonstrate that the AE-LSTM generated DT could provide 

overall better predictions for future degradation stages than the fine-tuned DT method.  

 
(a) Success ratio in charging 

 
(b) MSE after the 8th update in charging 

 
(c) MSE after the 31st update in charging 

 
(d) Success ratio in discharging 

 
(e) MSE after the 10th update in discharging 

 
(f) MSE after the 52nd update in discharging 

Fig. 10. Success ratio and comparison of MSE curves with the battery dataset. 
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Based on the above discussion, the proposed lifelong update method successfully enables the DT model to 

capture the effects of battery degradation on battery charging and discharging and outperforms the conventional 

fine-tuning method in terms of prediction performance at future unseen degradation stages in most lifelong update 

steps. 

4 NASA ENGINE DATASET 

4.1 Dataset description and preparation 

The engine dataset covers a group of run-to-failure trajectories for a fleet of aircraft engines under real flight 

conditions, which are generated by the Commercial Modular Aero-Propulsion System Simulation (CMAPSS) 

model developed at NASA [58]. During the data generation process, the flight conditions (i.e., altitude 𝑎𝑙𝑡, flight 

mach number 𝑀𝑎𝑐ℎ , throttle-resolver angle 𝑇𝑅𝐴 , and total temperature at fan inlet 𝑇2 ) recorded from a 

commercial jet are input to the CMAPSS model with the degradation of the engine components. Fourteen 

measurable time-series physical properties observed by sensors are simulated by the CMAPSS model, which 

outputs the estimated unobserved health parameters simultaneously. This process repeats as the number of 

degraded units increases until the health index of the engine reaches the end of its life.  

There are eight datasets with different degradation units in the published repositories, where the health 

parameter degrades with the flight cycle number in each unit. This study is only tested on the data with the unit 1 

in the file “DS04.h5”, where 87 flight cycles are observed in the selected data. Fig. 11 summarizes the degradation 

of two health parameters over 87 flight cycles. According to Fig. 11, both the fan efficiency modifier and the fan 

flow modifier gradually degrade with the flight cycle. Meanwhile, the time-series total pressure 𝑝1 at the fan 

outlet and the pressure 𝑝2 at the low-pressure turbine outlet vary among different flight cycles, whose details are 

presented in [58].  
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Fig. 11. Engine health indicator of unit 1 in dataset DS04. 

 

In this test, the initial degradation stage is defined as the first flight cycle, and the future degradation stages 

are then defined chronologically, e.g., the stages 𝑇0, 𝑇1, 𝑇2  are the flight cycles 1, 2, and 3, respectively. To 

evaluate the proposed lifelong update method, two DT models are constructed to predict the total pressures 𝑝1 

and 𝑝2 respectively. The input variables of both DT models consist of four flight conditions (i.e., 𝑎𝑙𝑡, 𝑀𝑎𝑐ℎ, 

𝑇𝑅𝐴, 𝑇2) and the time 𝑡 during one flight cycle. The output is the corresponding pressure 𝑝 at the time 𝑡 

under the given flight condition. In this dataset, the number of data points on the raw pressure curve varies from 

4700 to 12500 during 87 flight cycles. To reduce the nonlinearity in the raw dataset, both input and output data 

are smoothed by the moving average filter with a window size of 50. The down-sampling with the same window 

size of 50 is then performed to reduce the number of data points. Finally, all data of each input or output variable 

at all flight cycles are scaled simultaneously by the Minmax scaler to the range [0,1]. The scaled datasets are used 

for DT modeling, fine-tuning, and training dynamic models in the proposed method.  

4.2 Test setting 

Considering that the nonlinearity in the engine datasets is higher than that in the battery dataset, a deeper FNN 

structure is used for DT models. Apart from the input and output layers, the applied structure has seven hidden 

layers with the activation function Tanh(⋅), whose dimensions are detailed in Fig. 12. The training process of 

models 𝐷𝑇0 at the initial degradation stage 𝑇0 for both selected pressures is the same as that in Section 3.2.  
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As the applied FNN structure is deeper in this test, the entropy values of 𝜽0 in the two initial DT models for 

both pressures are around 12.9, and the dimensions of the latent space in autoencoders are determined as 26 based 

on the predefined hyperparameters. During the fine-tuning process of the DT model at each degradation stage, 

and the training process of the autoencoder and the LSTM, the hyperparameter settings are identical to those in 

Table 2. The only difference is that the number 𝑚 of stages in the warm-up phase and the window size 𝑤 for 

input sequences of the LSTM are updated as 𝑚 = 40 and 𝑤 = 10 for the engine dataset. 

 

Fig. 12. FNN structure for the NASA engine dataset. The input contains the altitude 𝑎𝑙𝑡, flight Mach number 

𝑀𝑎𝑐ℎ, throttle-resolver angle 𝑇𝑅𝐴, total temperature at fan inlet 𝑇2, and time 𝑡. The output is the pressure 𝑝. 

The input and output dimensions are 𝑁𝑖𝑛 = 5 and 𝑁𝑜𝑢𝑡 = 1, respectively.  

4.3 Results 

When assessing the proposed method in the engine dataset, the obtained results are analyzed with the same 

setting as the battery dataset in Section 3. The boxplots of MSE values obtained by the two compared DT models 

at each degradation stage during the lifelong update process are shown in Fig. 13, with the same setting as for the 

battery dataset test. The comparison results show that the AE-LSTM generated DT has smaller median MSE 

values and smaller box sizes at each degradation stage. This observation indicates that the proposed lifelong 

update method outperforms the conventional fine-tuning method in terms of both prediction accuracy and 

robustness for future unseen stages. 

The success ratio calculated at each lifelong update during the test is shown in Fig. 14. At most lifelong 

updates, the value is larger than 0.5 for 𝑝1 and 𝑝2, as shown in Fig. 14 (a) and (d). Meanwhile, the success ratio 
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increases with the number of completed lifelong update steps. Although the small ratio value is observed at the 

first several updates for both pressures in Fig. 14 (b) and (e), the value could increase to 1 at future update, when 

the AE-LSTM generated DT outperforms the fine-tuned DT at each future degradation stage as shown in Fig. 14 

(c) and (f). Therefore, with the data from more degradation stages, the proposed lifelong update method would 

learn more information about the dynamic behavior of model configurations during the lifecycle.  

 
(a) Total pressure 𝑝1 at the fan outlet 

 
(b) Total pressure 𝑝2 at the LPT outlet 

Fig. 13. Boxplot of MSE values at each stage during the lifelong update phase for the engine dataset. 

Based on those discussions, the proposed lifelong update method could identify the effects of engine 



 29  

degradation on engine responses by learning the trend of model configurations during the lifecycle. Moreover, 

compared with the conventional fine-tuning framework, the proposed lifelong update method could provide better 

prediction performance for future unseen degradation stages in most cases.  

 
(a) Success ratio in 𝑝1 

 
(b) MSE after the 4th update in 𝑝1 

 
(c) MSE after the 18th update in 𝑝1 

 
(d) Success ratio in 𝑝2 

 
(e) MSE after the 2nd update in 𝑝2 

 
(f) MSE after the 18th update in 𝑝2 

Fig. 14. Success ratio and comparison of MSE curves for the engine dataset. 

5 DISCUSSIONS 

This study focuses on updating a given DT model (i.e., neural network in this study), rather than developing 

new modeling methods. By representing system degradation by the temporal evolution of DT model parameters, 

the proposed framework effectively captures degradation effects and enables accurate prediction at unseen 

lifecycle stages. Since no prior knowledge of degradation mechanisms is assumed, conventional degradation 

modeling approaches are not applicable in this work. Therefore, the standard fine-tuning is used as the primary 

baseline for comparison. In addition, related modeling components integrated into the framework are evaluated 

to examine the generalization and applicability of the proposed concept. 
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5.1 Efficiency, robustness, generalization, and sensitivity 

This section summarizes performance studies of the proposed framework in terms of efficiency, robustness, 

sensitivity, and generalization. The corresponding selected results are presented in the appendices. More detailed 

results of various tests are accessible at https://github.com/tyf0416/Result-summary-for-DT-lifelong-update. 

(a) Efficiency. The proposed lifelong update framework is computationally efficient and suitable for online 

deployment. Across both the battery and engine degradation datasets, fine-tuning a model requires only a fraction 

of a second per lifecycle, and the time to train AE-LSTM is less than one minute on a commodity desktop. Both 

times are negligible relative to the physical system cycle duration. Therefore, the proposed approach enables 

lifelong DT adaptation without imposing a computational burden during the system lifecycle. The detailed timing 

analysis is presented in Appendix 0. 

(b) Robustness. In Appendix C, a two-stage variance analysis shows that the proposed lifelong update 

framework is highly stable with respect to stochasticity in the update process, while most performance variability 

originates from the initialization of the digital twin model. When the same initial DT is used, the lifelong updates 

produce consistently low variance across degradation stages for both battery and engine datasets, with only minor 

fluctuations despite stochastic training. In contrast, different initial DT model seeds lead to distinct convergence 

levels, indicating that initialization is the dominant source of uncertainty. These results confirm that the proposed 

update mechanism itself is robust and reproducible once a reasonable initial DT is established. 

(c) Generalization. The proposed framework demonstrates strong generalization across different time-series 

forecasting models and feature extraction strategies. Across both battery and engine datasets, AE-LSTM, AE-

GRU, and AE-Transformer consistently outperform conventional fine-tuning, with LSTM providing the best 

overall trade-off between accuracy and robustness. Nonlinear autoencoder-based feature extraction significantly 

outperforms linear and layer-wise alternatives, confirming the importance of learning joint, nonlinear latent 

representations of DT parameters. Meanwhile, the presented autoencoder structure achieves the best 

https://github.com/tyf0416/Result-summary-for-DT-lifelong-update
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generalization, while overly simple or deep structures lead to under- and over-fitting, respectively. Moreover, the 

variational autoencoders can further improve performance when a small KL-regularization weight is used, 

demonstrating that probabilistic latent representations can be effectively integrated into the proposed framework. 

More detailed comparisons are presented in Appendixes D-E. 

(d) Sensitivity. The framework exhibits predictable and stable behavior with respect to key hyperparameters 

governing latent representation and temporal modeling. Generally, larger latent dimensions improve prediction 

accuracy and robustness, particularly when they exceed the intrinsic entropy of the initial DT model. Moderate 

LSTM window sizes achieve the best balance between temporal context and predictive stability, whereas overly 

large windows degrade performance. Meanwhile, longer warm-up phases consistently improve accuracy and 

robustness by providing richer historical degradation information. These trends provide practical guidance for 

configuring the proposed framework in real-world applications. A detailed analysis is discussed in Appendix F. 

5.2 Limitations and future work 

Although some hyperparameters have been discussed, a comprehensive hyperparameter optimization is not 

performed for all components, such as the DT and LSTM structures. Based on findings on different autoencoder 

structures, similar trends could be anticipated in LSTM. A simpler LSTM may suffer from underfitting and fail 

to capture the complex temporal evolution of the latent features of DT model configurations. In contrast, a deeper 

LSTM model with more layers may suffer from overfitting, resulting in poor generalization to unseen future 

degradation stages. Therefore, hyperparameter optimization would be valuable for identifying a better initial 

model or improving the performance of the AE-LSTM.  

Meanwhile, this work only compares with the conventional fine-tuning. Although the optimization based on 

performance differences is the most commonly applied model updating method to update DT parameters [59,60], 

there are some other potential update methods to consider the lifecycle information. For instance, the discrepancy 

modeling method trains a model to learn the error between DT predictions and real measurements, and the trained 
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model is combined with the original DT model as the final updated one [61]. A broader comparison with different 

model updating techniques in the artificial intelligence field will be a natural extension of this work.    

The benefits of the proposed method have been demonstrated by real-world battery and engine datasets, while 

the degradation behavior exists in many practical systems, such as bearing [62], gear [19], and infrastructure [20]. 

The generalizability and applicability of the proposed lifelong update method need more validation on lifecycle 

datasets from various engineering fields. For instance, the quality of parts printed by additive manufacturing 

systems may decrease after a long operation period. The proposed framework could update the process model to 

capture the quality degradation behavior, which is used to provide better feedback in the model predictive control. 

In an infrastructure (e.g., bridges), the proposed framework could be adopted to periodically update the neural 

network-based structural property model from the sensor measurements, which serves predictive maintenance. 

When deploying the proposed lifelong update method to practical systems, several potential challenges exist.  

(a) Dynamic nonlinearity and non-stationarity in data. The constant DT model structure may fail to capture 

the dynamic nonlinearity and non-stationarity of data among degradation stages in the lifecycle. In such cases, 

the optimal model structure evolves with the degradation stage. A similar case is observed in the electro-optical 

system, where a nonparametric Bayesian graph neural network is constructed to denote the dynamic degradation 

process of health stage and the propagation of epistemic uncertainty [14]. When the data at new time steps are 

observed, the Dirichlet process mixture model and the Gaussian particle filter are adopted to update the optimal 

network structure and obtain the new model parameters, respectively. However, the work [14] only updates the 

model step by step, still failing to find the optimal model structure at future time steps in advance. Therefore, one 

future work is to find a method to represent the dynamic behavior of optimal model structures and corresponding 

parameters simultaneously over the degradation stages in the lifecycle, which enables predicting the optimal 

configuration (i.e., structure and parameters) at unseen future stages.  

(b) Dynamic data quality and size. Among degradation stages, the data quality and size may change according 
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to operation and monitoring conditions. Optimization is then required to find the optimal training hyperparameters 

for each degradation stage, increasing deployment cost. In the work, hyperparameters are constant through the 

lifecycle, which contribute to the observation that AE-LSTM achieves worse performance at some degradation 

stages during the latter half lifelong update phase. Therefore, how to choose the optimal hyperparameters 

automatically for learning at each stage would be another future work to make the DT provide stable and better 

performance during the lifelong update.  

(c) Sudden degradation in actual systems. According to reference [41], system degradations could follow 

different patterns, such as incremental or sudden changes. The proposed method is designed for incremental 

degradation, where the performance distribution slowly changes in a continuous manner. However, if a sudden 

failure occurs due to unexpected environmental conditions or inappropriate operations, the system's behavior 

changes abruptly. In such a case, the AE-LSTM may fail to track this sharp transition, resulting in poor prediction 

performance for future degradation stages. This problem may be solved by concept drift detection methods [63] 

to identify the changing point of degradation, and reinitializing the time-series forecasting methods for each 

incremental degradation stage. 

6 SUMMARY 

For systems degradation during a lifecycle, this paper proposes a lifelong update method for corresponding 

digital twin (DT) models. Different from DT models relying on degradation parameters or online update methods 

focusing on performance at one degradation stage, the proposed method aims to ensure that the DT model remains 

valid through all unseen future degradation stages. To fulfill this purpose, the system degradation is represented 

as the temporal behavior of the digital twin configurations at continuous degradation stages. In this work, a 

feedforward neural network with a fixed structure is adopted as the DT model, which is fine-tuned at each 

degradation stage. The optimized network parameters at known stages are used to train an autoencoder model to 

learn the latent features of high-dimensional model parameters. A long short-term memory (LSTM) model is then 
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adopted to identify the dynamic behavior of latent features over degradation stages. Once both models are trained, 

the latent features at any future degradation stage are estimated by LSTM, based on which the model parameters 

are reconstructed by the decoder to predict the system responses. Benefits of the proposed method have been 

demonstrated by test results in two real-world engineering datasets, i.e., battery degradation data and flight engine 

dataset. Compared with the conventional fine-tuning method, the proposed method can provide predictions with 

better accuracy and robustness at future unseen degradation stages. 

A comprehensive discussion is presented on the efficiency, robustness, generalization, and sensitivity of the 

proposed method, yielding the following conclusions. 

• The lifelong update method provides stable updated DT models when the initial DT model is given.  

• The proposed method is compatible with different forecasting architectures, as demonstrated by 

performance among Gated Recurrent Unit, Transformer, and LSTM models.  

• Processing parameters of all hidden layers of the DT model simultaneously with nonlinear feature 

extraction methods facilitates finding latent features involving relationships among hidden layers, 

which in turn provides better final prediction performance at future stages. 

• The max entropy of the initial DT model is a principle lower bound of the latent feature dimension in 

autoencoder. When the latent feature dimension is smaller than the max entropy, the autoencoder lacks 

sufficient capability to capture and reconstruct the underlying degradation pattern of DT model 

parameters through the lifecycle. 

With the proposed method, a DT model is able to identify how the system responses are affected by system 

degradation during the lifecycle, even though the system is far from its end of life. The proposed method provides 

an economical alternative to expensive aging experiments and enables a system to deploy directly without prior 

aging tests. This would bring economic benefits to system manufacturers. Meanwhile, it can predict the responses 
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of degradation-affected systems at unknown future stages, which is beneficial to conducting health management 

and monitoring. 

Although key hyperparameters are analyzed in the work, broader optimization such as model architecture 

search remains unexplored currently. Meanwhile, generalizability to other complex systems requires further 

validation across diverse domains, e.g., additive manufacturing, and infrastructure health monitoring. Several 

challenges remain open when deploying to practical systems for future research. (a) The nonlinearity and non-

stationarity in the data changes over the lifecycle, requiring to find the optimal model structures and parameters 

per stage, whose dynamic patterns should be captured jointly to consider their interdependencies. (b) The data 

quality and size change through the lifecycle, requiring automatically adapting training hyperparameters per stage 

for better learning performance. (c) Sudden degradation events would hinder the time-series model from 

providing accurate predictions for future stages, which could be tackled by concept drift detection methods and 

adaptive re-initialization of time-series models. Addressing these aspects represents a promising future direction 

toward fully self-updating, self-configuring DT models deployable in real industrial systems.   
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Appendix 

A. Lifelong update method 

Algorithm 1 Pseudo code for lifelong update method 

Input: Initial digital twin model structure 𝐷𝑇 , system response datasets {𝑫0, 𝑫1, … }  during lifecycle, the 

empty parameter database 𝑪𝑫, warm-up phase length 𝑚, autoencoder structure AE, LSTM structure, 

LSTM window size 𝑤 

Output: Updated digital twin models at unseen stages 

1 (𝐷𝑇0, 𝜽0) = Train(𝐷𝑇, 𝑫0)           # Initialize the digital twin model 

2 𝑪𝑫 = store(𝜽0)  

3 For 𝑖 in [1, … , 𝑚] 
4  𝐷𝑇𝑖, 𝜽𝑖 = FineTune(𝐷𝑇𝑖−1, 𝑫𝑖)       # Fine tune the previous digital twin model 

5  𝑪𝑫 = store(𝜽𝑖) 

6 End 

7 For 𝑗 in [𝑚 + 1, …]             # Repeat until the end of lifecycle 

  ## Train the AE-LSTM model 

8  Encoder, Decoder = Train(AE, 𝑪𝑫) # Train autoencoder from stored parameters as Section 2.3.1 

9  Latent features [𝒔0, … , 𝒔𝑗−1] = Encoder(𝜽0, … , 𝜽𝑗−1)  # Obtain the low-dimensional features 

10  Training dataset 𝑫𝐿𝑆𝑇𝑀 = [] for LSTM 

11  For 𝑖 = [𝑤, … , 𝑗 − 1] 
12   𝒙 = [𝒔𝑖−𝑤, … , 𝒔𝑖−1] 
13   𝒚 = 𝒔𝑖 

14   𝑫𝐿𝑆𝑇𝑀 = 𝑠𝑡𝑜𝑟𝑒([𝒙, 𝒚]) 

15  End 

16  LSTM = Train(LSTM, 𝑫𝐿𝑆𝑇𝑀)     # Train LSTM for latent features as Section 2.3.2 

  ## Estimate digital twin models at future unseen stages 

17  [𝒔𝑗
′, … ] = Predict(LSTM, 𝑫𝐿𝑆𝑇𝑀)  # Predict latent features at future unseen stages as Fig. 5 

18  Combined feature dataset 𝑭𝑫 = [𝒔0, … , 𝒔𝑗−1, 𝒔𝑗
′, … ] 

19  For 𝑡 in [𝑗, 𝑗 + 1, … ] 
20   𝜽𝑡

′ = 𝐷𝑒𝑐𝑜𝑑𝑒𝑟(𝑭𝑫[𝑡])   # Predict the model parameters based on estimated features 

21   𝐷𝑇𝑡
′ = 𝐷𝑒𝑝𝑙𝑜𝑦(𝐷𝑇, 𝜽𝑡

′ )    # Deploy the estimated parameters to the model structure  

22  End 

  ## Refine tune the previous digital twin model based on dataset at current degradation stage 
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23  𝐷𝑇𝑗 , 𝜽𝑗 = FineTune(𝐷𝑇𝑗−1, 𝑫𝑗) 

24  𝑪𝑫 = store(𝜽𝑗) 

25 End 

Algorithm 1 summarizes the complete workflow of the proposed lifelong DT update framework. The digital 

twin is first initialized and fine-tuned during a warm-up phase using observed system data. The stored model 

parameters are then encoded into a latent space, whose temporal evolution is learned by an LSTM and used to 

predict future parameter features. These predicted latent features are decoded to generate DT models at unseen 

degradation stages, followed by conventional fine-tuning using newly observed data. This process is repeated 

throughout the whole lifecycle. 

B. Computation Efficiency 

All tests were conducted on a low-cost desktop (Intel Core i7-3770 CPU@3.40GHz processor, 24.0 GB 

RAM). The average CPU times for each update step across all test problems are summarized in Table 3. The CPU 

time required to fine-tune the DT model remains relatively stable, with average values of approximately 0.038 

seconds for the battery cases and 0.05 seconds for the engine pressure cases. In contrast, training the AE-LSTM 

model requires substantially longer computational time, around 20 seconds for battery cases and 47 seconds for 

engine pressure cases. The time difference is because a deeper DT model was adopted for engine pressure cases, 

which results in a deeper AE-LSTM model. As this study performs the lifelong update after each system lifecycle, 

the required CPU time is negligible compared to the cycle duration, which are 2 hours per charging-discharging 

cycle in the battery dataset and 3.3 hours per flight cycle in the engine pressure dataset. 

Table 3. Average and standard deviation of CPU time required for each update step. 

Test problem Time to fine tune the DT model Time to train AE-LSTM 

Battery charging 0.0378 ± 0.0120 s 20.5257 ± 0.7359 s 

Battery discharging 0.0382 ± 0.0076 s 20.6285 ± 0.7728 s 

Engine pressure 𝑝1 0.0513 ± 0.0117 s 47.1125 ± 2.2488 s 

Engine pressure 𝑝2 0.0476 ± 0.0045 s 47.2332 ± 1.3877 s 

 

C. Variance analysis 

This section explores the two variance sources, i.e., the initial training of the DT model and the subsequent 
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update procedures. To isolate these effects, two comparison studies are performed with controllable random seeds. 

 

 
(a) Battery discharging, mean MSE 

 
(d) Engine pressure 𝑝1, mean MSE 

 
(b) Battery discharging, STD of MSE 

 
(e) Engine pressure 𝑝1, STD of MSE 

 
(c) Battery discharging, STD/mean of MSE 

 
(f) Engine pressure 𝑝1, STD/mean of MSE 
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Fig. 15. Variance study of the proposed lifelong update method 

In the first comparison study, the initial DT model is consistently initialized and trained using a fixed random 

seed (i.e., 102). Both the fine-tuning and the proposed lifelong update methods are executed using the same 

random seed per run, specifically {10,102, 103, 104, 105}, to assess the effect of stochasticity in the update 

process. As in Sections 3 and 4, each run provides a group of MSE curves. From these, the mean and standard 

deviations (STD) from MSE values at each future degradation stage after completing one update are computed 

across the five runs to quantify the inherent randomness of the lifelong update method. 

Fig. 15 summarizes the mean MSE value, the STD values of MSE, and the ratios of STD to mean MSE at 

each degradation stage for battery discharging and engine pressure cases. Although some large errors exist at 

former lifelong updates in both problems (e.g., mean MSE values over 0.020 in Fig. 15 (a), several MSE values 

over 0.25), the STD values of MSE remain low across future degradation stages, as shown in Fig. 15 (b) and (e). 

Specifically, the STD values at most degradation stages are smaller than 0.0005 and 0.010 for battery discharging 

and engine pressure, respectively. Most STD-to-mean ratios are under 0.02 in battery discharging problem, and 

below 0.10 in the engine pressure 𝑝1 problem. Meanwhile, results in the shared data repository show that the 

proposed lifelong update method outperforms the conventional fine-tuning method and shows similar 

performance consistently across five independent runs. One potential reason is that the proposed model structure 

does not involve additional stochastic operations (e.g., dropout). The training process would converge to a stable 

range after completing 1000 epochs. Therefore, given an initial DT model, the proposed lifelong update method 

demonstrates a degree of robustness. 

In the second comparison study, different random seeds are used to train the initial DT model, while fixing 

the seed for the update process. Results in Fig. 16 demonstrates that the initial DT model could lead to noticeably 

different performance convergence of the update DT. For instance, the MSE values for battery discharging could 

converge around 0.001 when the random seed 10 (Fig. 16 (a)), while they converge around 0.005 when the random 

seed is 100 (Fig. 16 (b)). Similar behavior is observed in the engine pressure results in Fig. 16 (c) and Fig. 16 (d). 
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This confirms that the initialization of the DT model is the dominant source of variance. 

Based on the above analysis, the proposed lifelong update method is robust given a fixed initial DT model. 

Therefore, the results in Section 3, Section 4, and the subsequent discussion are reported using a representative 

run where the random seed 100 is used for both the DT model construction and update methods. Additional results 

and detailed comparisons can be found in the shared repository. 

 
(a) Battery discharging, 10-10 

 
(b) Battery discharging, 100-10 

 
(c) Engine pressure 𝑝1, 10-10 

 
(d) Engine pressure 𝑝1, 100-10 

Fig. 16. Variance study of initial DT model training. Random seeds a-b: a for the initial DT model, and b for the 

update method. 

D. Time-series forecasting method 

 

This section explores the potential of other state-of-the-art model structures, e.g., Transformer [64] and Gated 

Recurrent Unit (GRU) [65], for the proposed lifelong update task. 

The GRU is a simplified variant of LSTM via merging the forget and input gates into a single update gate and 
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removing the output gate, resulting in only two gates: update and reset. This streamlined structure reduces the 

number of parameters and generally leads to faster training while maintaining comparable performance, which 

has been applied to model predictive control [66], energy prediction [67], and stock prediction [68]. Different from 

LSTM and GRU relying on the recurrence structure and the gating mechanism to process the data sequentially, 

Transformer adopts the attention mechanism to process all input tokens (i.e., data in the time-series sequence) 

simultaneously, where the importance of different inputs relative to each other is weighted in parallel. The most 

relevant parts of the input sequences are then identified, ensuring that the Transformer can capture both short-

term fluctuations and long-term trends in complex datasets, such as fuel cell degradation [33], energy consumption 

[69], and weather conditions [70]. 

 

Fig. 17. Transformer and GRU structures. 

The structures of the implemented Transformer in the study are shown in Fig. 17. Compared with the LSTM 

model in Section 2.3.2, the only difference is replacing the 2-layer LSTM block as the Transformer block to 

capture the encoded features from the input sequence [𝒔𝑖−𝑤; … ; 𝒔𝑖−1] obtained during the stage window [𝑖 −

𝑤, 𝑖 − 1]. The applied encoder block includes 𝑘 transformer encoder layers, where each layer has a multi-head 

attention part and a feedforward model. The encoder block is implemented by the Pytorch library in the work. All 

𝑘 = 6 encoder layers share the same hyperparameter setting, such as 2𝐿 as the dimension of the feed-forward 

network model, 1 as the number of attention heads, and 0 as the dropout rate. The output dimension of the encoder 

block is the same as the input dimension. A sum operator is then applied to convert the encoder output matrix to 

the encoded feature vector, whose size is 1 × 𝐿. Finally, several hidden layers with the activation function Tanh(⋅) 
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are assigned to obtain the final output as the predicted latent feature vector 𝒔𝑖
′ at the next 𝑖-th stage. 

The tested GRU model shares the same structure as LSTM, while the LSTM cell is replaced by the GRU cell 

in the 2-layer GRU block, as shown in Fig. 17. The hidden size and the dropout rate are identical to those of the 

LSTM model. The output of the last cell in the second GRU layer is then feedforward to the remaining hidden 

layers to obtain the final output as the predicted latent feature vector 𝒔𝑖
′ with the size 1 × 𝐿.  

Both implemented Transformer and GRU models are integrated into the proposed autoencoder and evaluated 

using the battery discharging and the engine pressure 𝑝1 datasets. For clarity, the two models are denoted as AE-

Transformer and AE-GRU, respectively, in the subsequent discussion. The training and testing settings for both 

models are identical to those used for AE-LTM in Section 3 and Section 4. After completing one lifelong update 

with AE-Transformer or AE-GRU, the MSE values of updated DTs are compared across all future degradation 

stages, as shown in Fig. 18 and Fig. 19.  

The results for the battery discharging case show that AE-LSTM and AE-GRU outperform the conventional 

fine-tuning method significantly with smaller mean, STD, and median of MSE values, as shown in Fig. 18 (a), 

Fig. 18 (b), and Fig. 18 (c) respectively. Although AE-GRU achieves better median and mean MSE values than 

AE-LSTM, their STD values are close, indicating similar robustness. The AE-Transformer also achieves smaller 

median MSE values than the fine-tuning method. However, the corresponding mean and STD of MSE values are 

lager than other methods after the 60th degradation stage, indicating that AE-Transformer has a worse performance 

robustness in this problem. 
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(a) Mean MSE (b) STD of MSE (c) Median MSE 

Fig. 18. Comparison of different time-series models in battery discharging. 

 

 
(a) Mean MSE 

 
(b) STD of MSE 

 
(c) Median MSE 

 
(d) One-tailed t-test based on mean MSE 

 
(e) One-tailed t-test based on STD of MSE 

 
(f) One-tailed t-test based on median MSE 

Fig. 19. Comparison of different time-series models on engine pressure 𝑝1. 

The results for engine pressure demonstrate that the mean (Fig. 19 (a)), STD (Fig. 19 (b)), and median (Fig. 

19 (c)) of MSE values obtained by AE-LSTM, AE-Transformer, and AE-GRU are consistently smaller than those 

produced by the conventional fine-tuning method at each degradation stage. To further examine the statistical 

significance of performance improvement, the one-tailed t-test is conducted for each model pair (A, B) to infer 

whether model A has significantly smaller MSE values than model B. Corresponding 𝑝-values are summarized 

from Fig. 19 (d) to Fig. 19 (f). In general, the tested three models achieve significantly better performance than 

the fine-tuning method, as the corresponding 𝑝-values are all 0.000 (<0.05). Meanwhile, AE-LSTM achieves 

significantly smaller mean, STD, and median of MSE values than AE-GRU, as the 𝑝-values are 0.000 in Fig. 19 

(d), 0.000 in Fig. 19 (e), and 0.003 in Fig. 19 (f) respectively. In contrast, no significant performance improvement 
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exists in other model pairs in most cases. For the mean MSE in Fig. 19 (d), the 𝑝-value is 0.158 for model pair 

(AE-LSTM, AE-Transformer), 0.842 for model pair (AE-Transformer, AE-LSTM), 0.308 for model pair (AE-

Transformer, AE-GRU), and 0.692 for model pair (AE-GRU, AE-Transformer). As those values are larger than 

0.05, no significant performance improvements are observed among those model pairs. The similar behavior also 

exists in STD and median of MSE values, as shown in Fig. 19 (e) and Fig. 19 (f) respectively. Therefore, the three 

time-series models have comparable performance in this problem, except that LSTM outperforms GRU. 

These findings confirm that the proposed lifelong update method is applicable to be integrated with different 

time-series forecasting models, which would provide comparable performance and outperform the conventional 

fine-tuning method in terms of performance and robustness for future unseen degradation stages. 

E. Feature extraction methods 

 

The proposed method adopts the autoencoder as the nonlinear feature extraction method to capture the latent 

features of DT models. Some comparison studies are performed to study the feature extraction methodology, the 

model complexity, and the variational autoencoder on battery discharging and engine pressure 𝑝1 problems.  

During tests, AE-LTSM outperforms all compared variants on the battery discharging problem significantly, 

in terms of smaller mean, STD, and median of MSE values at each degradation stage, except that AE-LSTM and 

simpler AE-LSTM have comparable STD of MSE values, indicating similar robustness, as shown in Fig. 20. In 

the remaining of this section, only results on the engine pressure 𝑝1 problem are presented with the definitions 

of compared variants. 
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(a) Mean MSE (b) STD of MSE (c) Median MSE 

Fig. 20. Comparison results of the feature extraction method in the battery discharging problem. 

E1. Feature extraction methodology 

In this work, parameters of all hidden layers in the FNN model are processed by an autoencoder together to 

capture potential dependencies among hidden layers. To study the effect of the applied option, this test conducts 

feature extraction for each hidden layer independently. For an FNN model with 𝑁 hidden layers, 𝑁 autoencoder 

models are trained to reconstruct the parameters of each layer, respectively. Then 𝑁 LSTM models are adopted 

to capture the changing behavior of learned parameter features during the lifecycle for each hidden layer. During 

the test, the autoencoder structure of the 𝑖-th layer is shown as Fig. 21, where the output of each hidden layer is 

activated by Tanh(⋅). The LSTM model adopted in the test is the same as that in Section 2.3.2. The training and 

testing settings are identical to those in Section 3 and Section 4. To clarify the following discussion, the tested 

method in this section is denoted as Autoencoder-LSTM per layer (AE-LSTM/L). 

 

Fig. 21. Autoencoder structure for a single hidden layer. 𝑎𝑖 is the number of parameters in the hidden layer 𝑙𝑖. 

[⋅] refers to the nearest integer. 0.8 is defined manually to reduce the number of hidden nodes by 80%. 

 

Meanwhile, the autoencoder is a nonlinear feature extraction method, whose performances are compared with 

a linear feature extraction method, proper orthogonal decomposition (POD), also known as principal component 

analysis. In this test, the autoencoder is replaced by POD to extract latent features from DT model parameters, 

which are then used to train the LSTM model to capture their temporal evolution. For clarification, the tested 

method is defined as POD-LSTM.  

Comparison results on the engine pressure 𝑝1 are summarized in Fig. 22. Compared with AE-LSTM/L and 
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POD-LSTM, AE-LSTM provides smaller mean and media of MSE values at each degradation stage as shown in 

Fig. 22 (a) and Fig. 22 (c), whose corresponding 𝑝-values are all 0.000 in Fig. 22 (d) and Fig. 22 (f). For the STD 

of MSE values, AE-LSTM has smaller values in most stages as shown in Fig. 22 (b). The corresponding 𝑝-values 

are 0.041 for model pair (AE-LSTM, AE-LSTM/L) and 0.000 for model pair (AE-LSTM, POD-LSTM). Those 

results show that AE-LSTM outperforms both AE-LSTM/L and POD-LSTM with sufficient statistical 

significance. 

The above discussions demonstrate that feeding the parameters of all hidden layers to the autoencoder 

simultaneously would benefit learning latent features that consider dependencies among hidden layers. This 

integrated approach improves the accuracy and robustness of the final reconstructed DT models, demonstrating 

its advantage over the layer-wise alternative. Meanwhile, nonlinear feature extraction methods outperform the 

linear ones in capturing the latent features of the DT model parameters. This performance gap is attributed to the 

inherently nonlinear nature of parameter evolution in DT models, which cannot be effectively captured using 

linear techniques. 

 
(a) Mean MSE 

 
(b) STD of MSE  

 
(c) Median MSE 
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(d) One-tailed t-test based on mean MSE (e) One-tailed t-test based on STD of MSE (f) One-tailed t-test based on median MSE 

Fig. 22. Comparison of different feature extraction methodologies on engine pressure 𝑝1.  

E2. Model complexity 

In this paper, the structure of the nonlinear feature extraction method is determined through trial-and-error. 

Further investigation is conducted to evaluate the impact of different autoencoder complexities on the 

performance of the updated DT models. Specifically, two distinct Autoencoder structures with details in Table 4 

are compared with the baseline configuration proposed in Fig. 3. 

Generally, the simpler and deeper autoencoder models follow the same overall structure in Fig. 3 but differ in 

the number of hidden layers and the dimension of the preprocessed parameter vectors. In the simpler Autoencoder, 

the parameter vector of each hidden layer in the DT model is first reduced to a 16-dimensional vector. These 

reduced vectors from all hidden layers are then concatenated into a single larger vector, which is subsequently 

processed by an encoder with two hidden layers to extract the latent features of the model parameters. During the 

decoder part, two hidden layers are adopted to reconstruct the model parameters based on the latent features. In 

contrast, the deeper Autoencoder expands the preprocessing dimension to 256 and employs six hidden layers in 

both the encoder and decoder. 

Table 4. Different autoencoder structures for comparison 

Autoencoder Encoder Decoder 

Simpler 16𝑁 → 8𝑁 → 𝐿 𝐿 → 8𝑁 → 16𝑁 

Baseline 64𝑁 → 32𝑁 → 16𝑁 → 8𝑁 → 𝐿 𝐿 → 8𝑁 → 16𝑁 → 32𝑁 → 64𝑁 

Deeper 256𝑁 → 128𝑁 → 64𝑁 → 32𝑁 → 16𝑁 → 8𝑁 → 𝐿  𝐿 → 8𝑁 → 16𝑁 → 32𝑁 → 64𝑁 → 128𝑁 → 256𝑁 

 

Results on the engine pressure 𝑝1 are summarized in Fig. 23. Generally, AE-LSTM outperforms the deeper 

one significantly in all performance metrics as shown from Fig. 23 (a) to Fig. 23 (c). The corresponding 𝑝-values 

are 0.000 for both mean and STD of MSE values, and 0.014 for the median MSE values, indicating significant 

performance improvement. In contrast, AE-LSTM is comparable to the simpler one in this case. The 𝑝-value for 

the model pair (simpler AE-LSTM, AE-LSTM) is 0.006 for the STD of MSE values, which shows the AE-LSTM 



 51  

has a statistically higher robustness. The 𝑝-values on both their mean and median of MSE values, however, are 

larger than 0.05 as shown in Fig. 23 (d) and Fig. 23 (f), indicating no significant differences between the two 

model structures from these two metrics.  

 
(a) Mean MSE 

 
(b) STD of MSE 

 
(c) Median MSE 

 
(d) One-tailed t-test based on mean MSE 

 
(e) One-tailed t-test based on STD of MSE 

 
(f) One-tailed t-test based on median MSE 

Fig. 23. Comparison of AE-LSTM with different model depths on engine pressure 𝑝1.  

Combining results on both the battery discharging and engine pressure cases, the proposed AE-LSTM model 

provides more robust and better performance than the simpler and deeper counterparts. The simpler model may 

suffer from underfitting, as its limited capacity fails to capture complex patterns in the training data. Conversely, 

the deeper model appears to overfit, resulting in poor generalization to unseen degradation stages. 

E3. Variational autoencoder 

Although an autoencoder is a powerful tool for data reconstruction and dimensionality reduction, it often 

suffers from an unstable and uninterpretable latent space. This limitation has been solved by the variational 

autoencoder (VAE) [71]. Different from autoencoder mapping input to a deterministic latent representation, VAEs 

learn a stochastic latent space characterized by a Gaussian distribution with learnable mean and variance. During 
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training, the Kullback–Leibler (KL) divergence between the learned latent distribution and the standard normal 

distribution is minimized as a regularization term, preventing the latent space from becoming irregular or overfit. 

This probabilistic formulation enables the model to explore a smooth and continuous latent space, facilitating 

more robust representations and improving its ability to tackle a variety of generative modeling tasks [72]. 

Moreover, due to its improved generalization capability, VAE has also been applied in time-series forecasting, 

where it facilitates latent dynamics modeling and supports uncertainty-aware prediction [73]. 

To further explore the potential of the proposed update framework, the performance of VAE is investigated. 

In the study, the VAE adopts the same network structure as the autoencoder model, with the addition of an extra 

hidden layer to learn the variance in the latent space. The original loss function in Eq. (4) is extended by 

incorporating a weighted KL divergence term as a regularization component. As this work focuses on forecasting 

rather than generative modeling, only the learned mean of the latent distribution in VAE is used to train the LSTM 

model to capture the temporal evolution of the DT model parameters. All other training hyperparameters are 

identical to those in Sections 3.2 and 4.2 for both problems. The tested method is defined as VAE-LSTM for 

clarification in the following discussion.  

The performances of AE-LSTM and three VAE-LSTM models with different weights (10−4 , 10−3 , and 

10−2) of KL divergence are summarized in Fig. 24. Overall, the performance of VAE-LSTM decreases with larger 

KL divergence weights. In Fig. 24 (d), the 𝑝-values for model pairs (VAE-LSTM(E-4), VAE-LSTM(E-3)), (VAE-

LSTM(E-4), VAE-LSTM(E-2)), and (VAE-LSTM(E-3), VAE-LSTM(E-2)) are 0.039, 0.003, and 0.001, 

respectively, for mean MSE values, reflecting a better performance with smaller weights. A better performance 

robustness is also observed in models with smaller KL divergence weights, as shown in Fig. 24 (e), where all 

corresponding 𝑝-values are zero. Although median MSE values are comparable between VAE-LSTM(E-4) and 

VAE-LSTM(E-3), both models outperform VAE-LSTM trained with the weight 10−2, as 𝑝-values are 0.006 and 

0.003, respectively, shown in Fig. 24 (f). Besides, only VAE-LSTM(E-4) achieves better performance than AE-
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LSTM, considering that the corresponding 𝑝-values are 0.000 in mean (Fig. 24 (d)) and STD (Fig. 24 (e)) of 

MSE values, and 0.041 in the median MSE values (Fig. 24 (f)). The VAE-LSTM model trained with larger weights 

are comparable or even worse than AE-LSTM. For instance, the 𝑝 -values for model pair (AE-LSTM, VAE-

LSTM(E-4)) are smaller than 0.05 in three performance metrics, while the 𝑝-values for model pair (AE-LSTM, 

VAE-LSTM(E-3)) are larger than 0.05 in most cases. 

Although VAE-LSTM shows inferior performance on the battery discharging, the above results on engine 

pressure demonstrate that integrating VAE into the proposed framework is effective, provided that a suitably small 

KL divergence weight is chosen to balance latent regularization and reconstruction accuracy.  

 
(a) Mean MSE 

 
(b) STD of MSE 

 
(c) Median MSE 

 
(d) One-tailed t-test based on mean MSE 

 
(e) One-tailed t-test based on STD of MSE 

 
(f) One-tailed t-test based on median MSE 

Fig. 24. Comparison of AE-LSTM and VAE-LSTM on engine pressure 𝑝1. 

F. Hyperparameter analysis  

In this section, a hyperparameter sensitivity analysis is performed for the latent feature dimension, the LSTM 

window size, and the warm-up phase length. All other settings are identical to those in Section 3. The evaluations 

are then conducted on the battery discharging problem, and the performance is assessed over all future degradation 
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stages during the lifelong update phase. 

F1. Latent feature dimension 

In the proposed autoencoder model, the entropy of the initial DT model is adopted to determine the latent 

space dimension. The initial model entropy varies with different 𝛽 values in Eq. (1). As shown in Fig. 25, the 

entropy value is approximately 7 when 𝛽 = 0  and decreases exponentially towards zero as 𝛽  increases. To 

further explore the effect of latent feature dimension, AE-LSTM is trained under a set of different dimensions 

from 1 to 40, whose performances on all future degradation stages are summarized in Fig. 26. The one-tailed 𝑡-

test is adopted to infer the statistical performance improvement for dimension A compared with dimension B. 

 

Fig. 25. Entropy of initial DT model parameters over various 𝛽 values. 

From Fig. 26 (a)-(c), the mean, STD, and median of MSE values decrease as the latent feature dimension 

increases, indicating a general improvement in AE-LSTM performance with a larger latent space. The one-tailed 

𝑡-test results in Fig. 26 (d)-(f) further quantify the trend of performance improvements. More specifically, when 

the latent dimension B is smaller than 6 (except for 3), the 𝑝-values in the upper-left triangular region are all 

close to 0.00. Those values indicate that any larger latent dimension A>B yields significantly smaller MSE. The 

feature dimension 7 achieves the best performance for AE-LSTM, as the 𝑝-values for the dimension pair (7, B) 

is always smaller than 0.05 for any dimension B. The latent dimension 10 provides the second-best performance, 

as the 𝑝-values for the dimension pair (10, B) are smaller than 0.05 in most cases. For dimensions larger than 20, 

the p-values in most upper-left entries remain near zero, confirming that these larger latent spaces also outperform 
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most smaller ones. Overall, these results suggest that latent dimensions smaller than the max entropy of the initial 

model (i.e., 7 when 𝛽 = 0 as shown in Fig. 25) cannot capture the degradation behavior in the system lifecycle, 

resulting in a worse performance, while larger latent dimensions consistently achieve better performance 

statistically in most cases. 

 
(a) Mean MSE 

 
(b) STD of MSE 

 
(c) Median MSE 

 
(d) One-tailed t-test based on mean MSE 

 
(e) One-tailed t-test based on STD of MSE 

 
(f) One-tailed t-test based on median MSE 

Fig. 26. Comparison of different latent feature dimensions. 

These observations demonstrate that a small 𝛽 value and a moderate value of the scaling factor 𝑎 in Eq. (3) 

are effective in achieving informative latent feature expression. However, excessively large values of 𝑎  can 

result in high-dimensional latent spaces, increasing model complexity and computational cost during training.  

F2. LSTM window size 

The window size in the LSTM determines how much historical information is included from previous stages, 

and thus directly affects the temporal representation quality. The results for different window sizes using the AE-

LSTM model are summarized in Fig. 27. Generally, increasing the window size degrades the model performance 

in the study. As shown in Fig. 27 (a)-(c), the largest window size 10 produces the minimal STD across stages, but 
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also achieves the worst mean and median MSE values.  

The one-tailed 𝑡-test results in Fig. 27 (d)-(f) provide the statistical evidence. The 𝑝-values in the lower-right 

triangular region are almost zero, indicating that a smaller window size would outperform a larger size in the 

mean, STD, and median of MSE values statistically. More specifically, when the window size A increases from 2 

to 4 or 5, the overall performance increases as more 𝑝-values smaller than 0.05 are observed in the mean and 

STD of MSE values. However, the performance decreases further if the window size continuously increases over 

6. Therefore, the window size 4 for 5 provides the best trade-off between information coverage and prediction 

accuracy in the battery discharging problem.  

 
(a) Mean MSE 

 
(b) STD of MSE 

 
(c) Median MSE 

 
(d) One-tailed t-test based on mean MSE 

 
(e) One-tailed t-test based on STD of MSE 

 
(f) One-tailed t-test based on median MSE 

Fig. 27. Comparison of different window sizes for LSTM models. 

F3. Warm-up phase length 

In the proposed framework, the warm-up length determines how much historical degradation information is 

available before performing the lifelong update phase. This study compares the performance of updated DT 

models with different warm-up lengths. The MSE curves at all future degradation stages are summarized in Fig. 
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28 for each case. Although the performances are relatively poor at the first several lifelong updates immediately 

after the warm-up phase, increasing the warm-up phase length consistently improves the model performance at 

later stages. For instance, at the 80th future degradation stage, the number of MSE values over 0.0125 is around 

12 when the warm-up phase length is 10. This number decreases sharply with the phase length, e.g., 6 at length 

20, 3 at length 30, 2 at lengths 40 and 50, and only 1 at length 60. Meanwhile, the ME value range at the 80th 

degradation stage reduces as the warm-up phase length increases, indicating improved performance robustness. 

The main reason is that larger warm-up phase lengths provide more informative system behavior and allow AE-

LSTM to learn a more accurate representation of the evolving degradation patterns.   
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Fig. 28. Comparison of different lengths in the warm-up phase. 

These results confirm that the warm-up phase length has a fundamental effect on predictive performance, and 

longer lengths generally lead to more accurate and more stable response prediction at unseen degradation stages. 

However, extending the warm-up phase delays the deployment of the proposed lifelong update framework, which 

hinders the timely predictive maintenance in physical systems.  


